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Abstract 

Introduction. All polymer materials and composites based on them are characterized by pronounced rheological 
properties, the prediction of which is one of the most critical tasks of polymer mechanics. Machine learning methods open 
up great opportunities in predicting the rheological parameters of polymers. Previously, studies were conducted on the 
construction of predictive models using artificial neural networks and the CatBoost algorithm. Along with these methods, 
due to the capability to process data with highly nonlinear dependences between features, machine learning methods such 
as the k-nearest neighbor method, and the support vector machine (SVM) method, are widely used in related areas. 
However, these methods have not been applied to the problem discussed in this article before. The objective of the 
research was to develop a predictive model for evaluating the rheological parameters of polymers using artificial 
intelligence methods by the example of polyvinyl chloride. 

Materials and Methods. This paper used k-nearest neighbor method and the support vector machine to determine the 
rheological parameters of polymers based on stress relaxation curves. The models were trained on synthetic data generated 
from theoretical relaxation curves constructed using the nonlinear Maxwell-Gurevich equation. The input parameters of 
the models were the amount of deformation at which the experiment was performed, the initial stress, the stress at the end 
of the relaxation process, the relaxation time, and the conditional end time of the process. The output parameters included 
velocity modulus and initial relaxation viscosity coefficient. The models were developed in the Jupyter Notebook 
environment in Python. 

Results. New predictive models were built to determine the rheological parameters of polymers based on artificial 
intelligence methods. The proposed models provided high quality prediction. The model quality metrics in the SVR 
algorithm were: MAE — 1.67 and 0.72; MSE — 5.75 and 1.21; RMSE — 1.67 and 1.1; MAPE — 8.92 and 7.3 for the 
parameters of the initial relaxation viscosity and velocity modulus, respectively, with the coefficient of determination 
R? — 0.98. The developed models showed an average absolute percentage error in the range of 5.9-8.9%. In addition to 
synthetic data, the developed models were also tested on real experimental data for polyvinyl chloride in the temperature 
range from 20° to 60°C. 

Discussion and Conclusion. The approbation of the developed models on real experimental curves showed a high quality 
of their approximation, comparable to other methods. Thus, the k-nearest neighbor algorithm and SVM can be used to 
predict the rheological parameters of polymers as an alternative to artificial neural networks and the CatBoost algorithm, 
requiring less effort to preset adjustment. At the same time, in this research, the SVM method turned out to be the most 
preferred method of machine learning, since it is more effective in processing a large number of features. 
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AHHOTalna 

Beedenue. J\na Bcex NMOMMepHbIX MaTepHasIOB HM KOMMO3HTOB Ha HX OCHOBe XapaKTepHbI ABHO BbIpaxKeHHBIe 
peoslorMyeckue CBOMCTBAa, IPOTHO3MpOBaHHe KOTOPHIX ABIIACTCA ONHOM 3 BaxKHeMIMX 3aad MeXaHHKM MOIMMepos. 
Bonpuive BO3MO2%KHOCTH JIA UPOrHO3HPpOBaHHA peOOrM4ecKHX TapaMeTPpOB TOJIMMepOB OTKPBIBAaIOT MeTOJBI 
MallMHHoro oOy4eHHa. PaHee poBOAMIMCch UcclIeqoBaHua Ha WpeqMeT MOCTpoOeHuA MpOrHO3HBIX MOJeleH c 
MCHOJIb30BaHHeM HCKYCCTBCHHBIX HelpOHHBIX ceTeli HM amroputTMa CatBoost. Hapayy c 9TuMu MeToZaMH, Onaroyaps 
BO3MOXKHOCTH OOpabaTHIBaTh JaHHbIe C CHJIbHO HeJIMHeHMHbIMM 3aBHCMMOCTAMH Me@2xKTY MpH3HakaMu, IWIMpoKoe 
IIPHMeHeHHe B CMEXKHBIX OOACTAX HAXOJAT MCTObI MANIMHHOTO oOOyyeHuaA — MeTor k-OnmKaliIHXx coceyel H MeTOT 
ONOPHBIX BeKTOpoB (SVM). OqHako paHee K IpoOsieMe, paccMOTpeHHOH B JaHHOl CTaTbe, ITH MCTOJBI He IPHMeHAIIMCh. 
Llemb1o paOoTbl aBuIacb pa3pa0oTKa IIporHo3HOM MOJeIH WIA OICHKH peoNOrM4yecKHX TWapaMeTpoB MosMMepoB 
MeTOJJaMH HCKYCCTBCHHOTO HHTeIIeKTa Ha IipHMepe MOJMBHHWIXJIOpHa. 

Mamepuanoi u memoodoi. B padote mpuMeHeHbI MeToy k-OnmKaMINIMX coceyqeH WH MeTO ONOPHbIX BeCKTOPOB JIA 
onpeyeseHua peoworMyecKHx MapaMeTpoB TOJMMepoB Ha OCHOBe KPHBBIX pellakcallwH HallpsKeHHM. OdOyaenne 
MOJesel BEIMOJHATIOCh Ha CHHTCTHUCCKUX JJAHHBIX, CrCHePHPOBAHHBIX Ha OCHOBe TeOpeTH4YeECKNX KPHBBIX pesakcallHn, 
TIOCTPOCHHBIX C HCIOIb30BaHHeM HesIMHeMHOrO ypaBHeHua Maxcpema-l ypepuua. BxoqHbIMM MapaMeTpaMu Moelle 
BBICTYMaIW BeIMYNHa TedopMalluu, Ip KOTOPOM NpOv3BOTMJICA IKCIepHMeHT, HavasIbHOe HallpwKeHHe, HallpsKeHNe 
B KOHIe Mpolecca pewlakcalluu, BPeMA pellakcallMM U yCOBHOe BpeMaA OKOHYAHHA Mporecca. BEIxoMHbIe WapaMerTps!: 
MOJyJIb CKOpocTH HM KoopduIMeHT HavabHOW peslakcaltwoHHOH Ba3KocTu. Moyen pa3padoTaHbBI B cpeye 
Jupyter Notebook Ha a35rKe Python. 

Pe3zyibmamoti ucciedoeanua. TloctpoeHbl HOBbIe IIpOrHO3Hble MOJeIM IIA OlIpeyeueHuA peouOrM4ecKuXx MapaMeTpoB 
TIOIMMepoB Ha OCHOBe MeTONOB MCKyccCTBeHHOrO MHTeeKtTa. IIpeqnoxKeHHbIe MOeuM OOecIedHBaIOT BbICOKOe 
KayecTBO MporHo3HpoBaHna. Metpuku kayecTBa Moyen B alroputrme SVR coctapiaiot: MAE — 1,67 u 0,72; 
MSE — 5,75 u 1,21; RMSE — 1,67 u 1,1; MAPE — 8,92 u 7,3 aya MapamMeTpoB HayasIbHOH peslakcalMOHHOH BASKOCTU 
HM MOJlyJIA CKOPOCTH COOTBETCTBEHHO C KOIPPMIMeEHTOM JeTepMuHauMU R? — 0,98. PaspaSoraHHble Moje NOKa3aIH 
CpeHIOIO aOCOuIOTHYIO MPOIeHTHyIO omMOKy B uama3oHe 5,9-8,9%. Tlomumo cuHHTeTHYeCKHX aHHBIX, 
pa3paOoTaHHBle MOJesIM TaloKe alpoOupoBaslach Ha peasIbHBIX IKCIePHMCHTAJIBHBIX JAHHBIX JIA WOTMBUHWIXJIOpua B 
qMata30He Temilepatyp oT 20 Wo 60 °C. 

OG6cystcoenue u 3aKirouenue. AtipoOata pa3paboTaHHbIxX MOjeei Ha peasIbHbIX 3KCIICPHMCHTaJIbHBIX KPHBbIX 
ToKa3ajIa BbICOKOe Ka4YeCTBO HX alMPOKCHMAalIIHH, COMOCTaBHMOe C UpyrHMu MeToaMu. TakuM o0pa30M, asITOpHTMBI 
k-Onmxaimux cocezeti u SVM MoryT Hcnonb30BaTbCA [IA IPOTHOSHPOBaHHA PeOMOTH4YeCKNX MapaMeTPoB MOJMMepoB 
Kak ajJIbTepHaTHBa HCKYCCTBCHHBIM HelpOHHbIM ceTaM HM alropuTMy CatBoost, TpeOyrollad MeHBINMXx ycuIMi 0 
IIpeBapuTesbHOH Hactpolike. II[pu 9TOM B WaHHOM UccieqOBaHuU HanOoliece IpeMOUTHTeIbHbIM MCTOJOM MallIMHHOro 
oOyyeHna OKa3asica MeTo SVM, Tak Kak OH Ooslee a(p(PeKTHBEH B OOpadoTKe OOOO YMCA MIPpH3HAKOB. 


KosroueBble CJIOBAa: peoIOorHaA, NOJIMMepsi, MCKYCCTBeHHBIM HMHTCIVICKT, MalLIMHHOe ooyueHue, k-OnuKaiimme cocean, 
OMOpHadA BCKTOPHadA perpeccna 


BaarogqapHocru. ABTODBI BbIpaxKaroT OaroapHOcTB petakWHu U peweH3eHTaM 3a BHHMAaTeCJIBHOeC OTHOIMMCHHE K CTaTbe 
MW yKa3aHHble 3aMCvaHHA, KOTOPble MO3BOJIMJIM HOBbICHTb Ce KayecTBO. 


Asia WaTupoBanusa. Konypatbesa T.H., Yerrypuenxo A.C. IIporHo3uposanue peouorMuueckux WapaMeTpoB MOIMMepoB 
MeTOqaMH MalMHHoro obyyeHua. Advanced Engineering Research (Rostov-on-Don). 2024;24(1):36-47. 
https://doi.org/10.23947/2687-1653-2024-24-1-36-47 


Introduction. Polymers are used in various industries, including the production of plastics, textiles, packaging 
materials, and more. Accurate prediction of the rheological parameters of polymers is a complex task that is important 
for optimizing production processes and creating products with desired properties. 

Today, machine learning methods have gained great popularity in various fields, including chemistry and materials 
science, due to their ability to efficiently process and analyze large amounts of data. These methods make it possible to 
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predict the properties of materials. In [1], a platform based on machine learning was described, and the integration of 
metrological support in the context of digital transformation was proposed. In [2], the local distribution of deformation, 
the development of plastic anisotropy, and fracture in additively manufactured alloys were predicted. The problems of 
developing measuring control regulators on digital platforms were formulated in [3]. An intelligent model for controlling 
the parameters of overlap joint welding was built in [4]. However, the issues of using machine learning methods to predict 
the rheological properties of polymers remain insufficiently investigated. This is caused by both technical and 
methodological difficulties, such as the heterogeneity of the polymer structure, their sensitivity to external conditions, 
and complex interactions between molecules during deformation. 

Research in the field of rheological properties of polymers and composites using machine learning methods has great 
prospects in the construction industry [5]. For numerous polymers, the experimental data are well described by the 
generalized nonlinear Maxwell-Gurevich equation [6], which has the form for a uniaxial stress state [7]: 


os" _ ft” 
Ot ia 
f =0-f£8, (1) 
11 rn" 
ye * > 
NN NNo m 


where ¢* — creep deformation, f~ — stress function, o — stress, E. — module of high elasticity, 19 — initial 
relaxation viscosity, m“ — velocity module. 

Various intelligent machine learning models can be used to determine the rheological parameters of polymers, such 
as the initial relaxation viscosity (hereinafter just “viscosity”) and the velocity module [8, 9]. For example, one such 
model is a neural network that can be trained on generated datasets to determine optimal polymer parameters [10]. 

Prediction based on synthesized data is a fairly common practice, including for nonlinear optimization 
methods [11, 12]. One of the ways to generate data is the use of Rosenbrock, Himmelblau, and Booth functions [13], 
which are effectively applied to test optimization methods such as gradient descent methods, genetic algorithms, and the 
Newton method. This approach was applied in [14], where a data set based on theoretical stress relaxation curves using 
the nonlinear Maxwell-Gurevich equation was generated to test the efficiency of various optimization methods. 

In [15], several machine learning approaches were given to predict the durability of a reinforced concrete beam, such 
as a neural network of back propagation, linear and ridge regression, a decision tree, and a random forest. The input 
parameters of the study were both various characteristics of the material and their properties, depending on the 
environment (temperature, humidity). Finally, according to the results of the study, the back propagation model 
determined a more accurate forecast (85%), the average values (MAE) and MAPE were 1.13% and 14.5%, respectively. 

Another approach to solving inverse problems of creep theory using the neural network method is based on training a 
model on large amounts of experimental data. In [16], a neural network model was developed, which was trained on data 
obtained as a result of long-term experiments on polymer materials, and successfully predicted the viscoelastic behavior 
of these materials. The data obtained from experiments on samples of various materials were used for the study. 

Unlike the above-mentioned papers, the presented research is intended to promote the development of more accurate 
and reliable methods for predicting polymer properties, such as the k-nearest neighbor method and the support vector 
machine, which is important for various industries and science. 

The research objective was to develop a predictive model based on artificial intelligence methods for analyzing the 
rheological properties of polymers. Previously, the authors had already used a machine learning algorithm based on 
gradient boosting CatBoost to process stress relaxation curves [17, 18]. CatBoost is one of the most powerful machine 
learning algorithms applicable to solving not only regression problems, but also classification and ranking problems [19]. 

The CatBoost method can be useful for solving some tasks, but it also has its limitations and disadvantages. In this 
regard, there is an interest in using other algorithms mentioned earlier [20] to solve the problem. 

Materials and Methods. The generated data array is partially presented in Table 1. This array was formed on the 
basis of theoretical stress relaxation curves described by the Maxwell-Gurevich equation, according to the technique 
presented in [14]. The variation ranges of the velocity modulus and the initial relaxation viscosity in the generated array 
correspond to the real ranges for polyvinyl chloride in the temperature interval from 20° to 60°C. The total number of 
numerical experiments (7) was 30,000. 
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Table 1 
Table of initial data for training the model 
. as ie Oe | Bae aie Relaxation | Conditional end | Velocity | Viscosity 
Deformation, beginning of end of the : . r 
No time time of the module no, 10°, 
% the process oo, | process ox, ; 
MPa MPa th, h process fos, h m, MPa MPa's 
1 1.000 10.000 0.909 0.277 1.484 6.000 3.000 
2 2.000 20.000 1.818 0.109 1.003 6.000 3.000 
3 3.000 30.000 2.727 0.046 0.820 6.000 3.000 
4 1.000 10.000 0.909 0.861 4.615 6.000 9.333 
5 2.000 20.000 1.818 0.339 3.122 6.000 9.333 
6 3.000 30.000 2.727 0.142 2.552 6.000 9.333 
7 1.000 10.000 0.909 1.445 7.747 6.000 15.667 
29997 3 45 37.5 0.285 2.476 15 53.666 
29998 1 15 12.5 1.003 4.255 15 60 
29999 2 30 25 0.558 3.371 15 60 
30000 3 45 37.5 0.319 2.769 15 60 


The data set consisted of five input variables and two output variables. Input variables (unit measure): 
deformation — ¢ (%); stress at the beginning of the process — oo (MPa); stress at the end of the process — o~ (MPa); 
relaxation time — ¢, (h); conditional end time of the process — fo; (h). Output variables (unit measure): velocity 


module — m* (MPa); initial relaxation viscosity — 1o (in Table 1 and further, simply “viscosity”) (10° MPa:s). 


Values Oo,, Ow,, tn, and fos are schematically shown on the typical stress relaxation curve (Fig. 1). 


Fig. 1. Typical stress relaxation curve 


The k-nearest neighbor (A-NN) algorithm is based on the similarity analysis of nearby objects. The K-NN method is in 
great demand for solving various types of machine learning tasks. 

Formula (2) represents the general form of the algorithm, where w(i, x) — weight function evaluating the importance 
of the i-th neighbor. 
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F (x)=argmax yey aE = y|w(i,x). (2) 


The maximum total weight can be achieved for several objects at the same time. The entropy of this process can be 
adjusted using nonlinear sequence w(i, x) = [i < k]q' (exponentially weighted k-nearest neighbor method) provided that 
0<q<05. 

Representing a fairly simple machine learning algorithm, k-NN is well applicable to solving classification and 
regression problems. The advantages of this method are ease of implementation, no need for pre-training of the model. It 
is used for all types of data, including categorical and numeric. Disadvantages: a tendency to over-training (provided that 
kis too small), poor performance with large amounts of data, it is not possible to take into account the relationship between 
the signs. 

The support vector algorithm — support vector regression (SVR) — solves the problem of minimizing the sum of the 
mean absolute error. SVR is more resistant to outliers, unlike the least squares method, due to the regularization 
coefficient (C) and the “epsilon-insensitive tube” (¢). In this case, ¢ determines the width of the tube in which errors are 
ignored. Stochastic gradient descent is used to find the minimum of the function. 

The support vector machine learning algorithm is function F(x) of approximation and regularization of empirical risk, 
which converts training and test samples into output data for each object of the corresponding sample. Formula (3) 
represents the general form of the algorithm, (4) is a linearly separable sample, (5) is a linearly inseparable sample, where 


C — regularization coefficient, Mw, wo) — scalar product of vectors (feature and support vector), wi— weight 
coefficients. 
I 1 2 ; 
F(x)=CY),_,(I-Mi (a0) +5 poo? > min F (x) 6) 
tae tc . 
gel > min F(x); ‘s 


M;(wwo)>Li={1:]}. 


1) 42 : ; : 
5h +CD),_f1 > min F(x); : 
M;(w,wo)21—e1,7= {1:0}; (6) 
S047). 

Function K (ea) is a function of a pair of objects (eae) , 1 representable as a scalar product in some space H, for 


which transformation y:X —> AH takes place. Function K:X¥xX >R — kernel if K (x,x") =(w(x),w(x’)),» 


provided that K is symmetric: K(x,x’) = K(x,x’) and nonnegative definite: [fee (x) g(x')dxdx', Vg :X > R. 


The regularization coefficient is determined by the sliding mode control method. 

Advantages of the SVM method are as follows: high accuracy in classification problems in nonlinear spaces; ability 
to work with a large number of features (including categorical and numerical), generalize data (which provides 
applying the model to new data), work with data that are not linearly separable due to the use of kernel functions. 

Disadvantages of the SVM method include inefficiency of working with large amounts of data; low interpretability 
of the model; the requirement to configure numerous parameters, such as the type of kernel (its parameters, 
regularization parameters), etc. 

In this research, algorithms are developed in the Jupyter Notebook intelligent computing environment using 
machine learning methods. 


As a learning algorithm, function F(x) is considered. It transforms training sample {xi} 5 eX” and test 
sample ee se eX’ into output data when training {yds eX” and testing {yi ‘ 7 e X' for each object of the 
corresponding selection. The training of the vector of parameters w; €W is embedded inside the algorithm. 

Under the conditions of the presented problem: { vite — actual values of viscosity nj (at the beginning of the 
i=l 


relaxation process) and velocity module m’; { Vi " _, — predicted values of viscosity ng (at the beginning of the 


relaxation process) and velocity module m”. 
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The selection of such a parameter as the number of neighbors affects the generalizing ability of the developed 
model and is important for its correct operation. The most suitable algorithm for calculating distance based on data is 
Distance, in which the weights of objects are inversely proportional to their distance. Accordingly, in the case of closer 
neighbors of the query object, they have more influence than their neighbors located at a greater distance from the 
object. 

The data set was divided into training and test samples in a ratio of 75/25. In turn, 20% of the training sample 
became validation. The sample size was: training — Xjrain = 20,400; test — xresr = 6,000; validation — xe.q = 3,600. For 
variables Virain, Viest; Veval, the data were distributed in a similar way. 

To build the é-nearest neighbor model, the following parameters were selected: number of neighbors, sheet size, 
interval, and weight function. The range and functionality of the values for the configurable parameters are shown in 
Table 2. 


Table 2 
Parameter table for kK-NN model 
No Parameter Value Functional 
1 Number of neighbors (4) 3,5, 7,9 Determines optimal number of neighbors for query 
> SiseeeizeiG) 15, 20, 30 Determines speed of querying and required memory for 
storing the tree 
3 Interval (p) 1 (11), 2 (12) Defines power parameter (Minkowski metric) 
4 Weight function (w) ‘uniform’, ‘distance! Predicting weights 


To build the SVR model, the following parameters were selected: kernel type, kernel order, regularization 
coefficient (quadratic regularizer), . The range and functional values for the adjustable parameters are presented in 
Table 3. 


Table 3 
Parameter table for SVR model 

No Parameter Value Functional 

1 Kernel type ‘linear’; 'poly'; 'rbf'; 'sigmoid' Defines type of hyperplane (linear/nonlinear) 

2 Kernel order 1,2, 3,4, 5,7 Defines degree of polynomial function of kernel 

: : Solves problems of vector multicollinearity 
3 Quadratic regularizer (C) ;3;4;5; 7; 10 snd madelietaininip 
4 ‘ 0.1; 0.2: 0.5: 1: 1.5: 2:3 Determines deviation of the object (proximity 
measure) 


Research Results 

Figure 2 shows the correlations between the variables. 

The following types of linear correlations between individual input and output variables of the model can be noted: 

— strong enough — between the variables “Deformation” and “Stress at the beginning” p.)< = 0.93; “Relaxation 
time” and “End time of the process” (;,1; = 0.93; 

— average — between the variables “Deformation” and “Stress at the end” pg... = 0.71; “Stress at the beginning” 
and “Stress at the end” poos., = 0.75; 

- weak — between the variables “End time of the process” and “Viscosity” Py»; =0.58; “Viscosity” and 
“Relaxation time” py; = 0.46. 

The presence of a moderate correlation between variables or its absence indicates only the absence of a linear 
relationship; therefore, it is possible to have a nonlinear relationship between variables. 
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Fig. 2. Correlation matrix 
Table 4 shows the statistical characteristics of the original data set. 
Table 4 
Statistical characteristics of the original data set 
Parameter € 60 Ox tn tos m No 
Unit measure % MPa MPa h h MPa 10° MPa:s 
count 30,000.00 | 30,000.00 | 30,000.00 | 30,000.00 | 30,000.00 | 30,000.00 30,000.00 
mean 2.00 25.00 15.78 0.75 4.4] 10.50 31.50 
std 0.82 10.77 9.10 0.94 4.40 2.87 18.19 
min 1.00 10.00 0.91 0.00 0.07 6.00 3.00 
max 3.00 45.00 37.50 10.04 38.02 15.00 60.00 


The best parameters for the 4-nearest neighbor model were determined as a result of 5-block cross-validation (Table 5). 


Best k-NN model parameters 


Table 5 


Parameter Number of neighbors (4) Sheet size (n) Interval (p) Weight function (w) 
No 3 15 2 ‘distance’ 
m 5 15 2 ‘distance’ 
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The best parameters of the SVR model for viscosity parameters 1% (at the beginning of the relaxation process) and 


velocity module m* were obtained empirically (Table 6). 


Table 6 
Best parameters of SVR model 
Parameter Kernel type Kernel order Quadratic regularizer € 
Nb 'rbf 2 5 0.3 
m 'rbf 3 6 0.3 


The ratio between the real and predicted values for the ANN model in terms of the parameters “Viscosity” and 
“Velocity modulus” is shown in Figures 3, 4. 
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Fig. 3. Diagrams of prediction errors of k-NN, “Viscosity” 
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Fig. 4. Diagrams of prediction errors of k-NN, “Velocity module” 
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The ratio between the real and predicted values for the SVR model according to the parameters “Viscosity” and 
“Velocity module” is shown in Figures 5, 6. 
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Fig. 6. Diagrams of prediction errors of k-NN, “Velocity module” 
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The metrics of the developed models of k-nearest neighbors and support vectors are presented in Tables 7 and 8, 


respectively. 
Table 7 
Metrics of the developed k-NN models 
Parameter RMSE MAPE (%) R? train R’ test 
1.00 0.98 
0.99 0.98 
Table 8 
Metrics of the developed SVR models 
Parameter MAE MSE RMSE MAPE (%) R* train R’ test 
N16 1.67 5.75 1.67 8.92 0.98 0.97 
m 0.72 1.21 1.1 7.3 0.89 0.87 


In addition to synthetic data, the developed models were also tested on real experimental data presented in [13]. 
Experimental relaxation curves of polyvinyl chloride were used for various temperatures in the range from 20° to 60°C. 
In Figure 7, the experimental stress values at different temperatures at different points in time are marked with felt-tip 
pens, and solid lines show stress relaxation curves based on values m* and nj predicted by the models. 
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Fig. 7. Results of testing the model on experimental data 


Discussion and Conclusion. Figure 5 shows that the quality of prediction based on experimental data is quite high, 
specifically, for temperatures of 30°C, 50°C and 60°C. For other temperatures, the prediction quality is somewhat lower, 
which is due to the quality of the experimental curves themselves. It was necessary to extend the experiment time and 
wait for the curves to reach the horizontal asymptote. 

In this research, the most preferred method is the support vector machine (SVM). This is due to the fact that SVM can 
process data with a large number of features, which is important for the analysis of rheological parameters of materials. 
In addition, SVM works with nonlinear dependences between features, it is applicable to solve the regression problem, 
which is required to determine the rheological parameters of materials. 

However, the CatBoost method can also be effective in this task, especially, if there are categorical features in the data. In 
addition, CatBoost can process missing data, which can be important for analyzing rheological parameters of materials. 

The k-nearest neighbor method is less preferable in this task due to its low efficiency in processing a large number of 
features, as well as the presence of problems with high data dimensionality. 

In the course of the investigation, it has been shown that the use of machine learning methods makes it possible to 
effectively analyze and process large amounts of data, including information about the characteristics of polymers and 
their rheological properties. The model developed on the basis of such an analysis maintains high accuracy in predicting 
the rheological parameters of polyvinyl chloride, which is confirmed by the results of cross-validation and comparison to 


experimental data. 
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One of the key advantages of this approach is the ability to automate the process of predicting the rheological 
parameters of polymers, which reduces the time and cost of research and development of new materials. In addition, the 
model can be easily adapted to analyze other types of polymers and predict their properties. 

As a result of this research, a predictive model has been developed to evaluate the rheological parameters of polyvinyl 
chloride using artificial intelligence methods based on data of its characteristics and rheological properties. The model 
demonstrates high prediction accuracy and can be used to optimize the production and development of new polymer- 
based materials. 


References 

1. Dudukalov EV, Munister VD, Zolkin AL, Losev AN, Knishov AV. The Use of Artificial Intelligence and 
Information Technology for Measurements in Mechanical Engineering and in Process Automation Systems in Industry 
4.0. Journal of Physics: Conference Series. IOP Publishing. 2021;1889(5):052011. https://doi.org/10.1088/1742- 
6596/1889/5/052011 

2. Waqas Muhammad, Abhijit P Brahme, Olga Ibragimova, Jidong Kang, Kaan Inal. A Machine Learning Framework 
to Predict Local Strain Distribution and the Evolution of Plastic Anisotropy & Fracture in Additively Manufactured 
Alloys. International Journal of Plasticity. 2021;136:102867. https://doi.org/10.1016/j.ijplas.2020.102867 

3. Won-Bin Oha, Tae-Jong Yuna, Bo-Ram Leea, Chang-Gon Kima, Zong-Liang Lianga, IIl-Soo Kim. A Study on 
Intelligent Algorithm to Control Welding Parameters for Lap-joint. Procedia Manufacturing. 2019;30:48—S55. 
http://doi.org/10.1016/j.promfg.2019.02.008 

4. Amit R Patel, Kashyap K Ramaiya, Chandrakant V Bhatia, Hetalkumar N Shah, Sanket N Bhavsar. Artificial 
Intelligence: Prospect in Mechanical Engineering Field—A Review. In book: Data Science and Intelligent Applications. 
Singapore: Springer; 2021. P. 267—282. https://doi.org/10.1007/978-98 1-15-4474-3_ 31 

5. Amjadi M, Fatemi A. Creep and Fatigue Behaviors of High-Density Polyethylene (HDPE): Effects of Temperature, 
Mean Stress, Frequency, and Processing Technique. International Journal of Fatigue. 2020;141:105871. 
http://doi.org/10.1016/).ijfatigue.2020.105871 

6. Chepurnenko V, Yazyev B, Xuanzhen Song. Creep Calculation for a Three-Layer Beam with a Lightweight Filler. 
MATEC Web of Conferences. 2017;129:05009. https://doi.org/10.105 1/matecconf/201712905009 

7. Litvinov SV, Yazyev BM, Turko MS. Effecting of Modified HDPE Composition on the Stress-Strain State of 
Constructions. JOP Conference Series: Materials Science and _ Engineering. 2018;463(4):042063. 
https://doi.org/10.1088/1757-899X/463/4/042063 

8. Guangjian Xiang, Deshun Yin, Ruifan Meng, Siyu Lu. Creep Model for Natural Fiber Polymer Composites 
(NFPCs) Based on Variable Order Fractional Derivatives: Simulation and Parameter Study. Journal of Applied Polymer 
Science. 2020;137(24):48796. http://doi.org/10.1002/app.48796 

9. Tugce Tezel, Volkan Kovan, Eyup Sabri Topal. Effects of the Printing Parameters on Short-Term Creep Behaviors 
of Three-Dimensional Printed Polymers. Journal of Applied Polymer Science. 2019;136(21):47564. 
http://doi.org/10.1002/app.47564 

10. Litvinov SV, Trush LI, Yazyev SB. Flat Axisymmetrical Problem of Thermal Creepage for Thick-Walled Cylinder 
Made of Recyclable PVC. Procedia Engineering. 2016;150:1686—1693. https://doi.org/10.1016/j.proeng.2016.07.156 

11. Dudnik AE, Chepurnenko AS, Litvinov SV. Determining the Rheological Parameters of Polyvinyl Chloride, with 
Change in Temperature Taken into Account. Jnternational Polymer Science and Technology. 2017;44(1):43-48. 
https://doi.org/10.1177/0307174X1704400109 

12. Litvinov S, Yazyev S, Chepurnenko A, Yazyev B. Determination of Rheological Parameters of Polymer Materials 
Using Nonlinear Optimization Methods. In book: A. Mottaeva (ed). Proceedings of the XIII International Scientific Conference 
on Architecture and Construction. Singapore: Springer; 2020. P. 587-594. https://doi.org/10.1007/978-981-33-6208-6 58 

13. Solovyova EB, Askadskiy AA, Popova MN. Investigation of Relaxation Properties of Primary and Secondary 
Polyvinyl Chloride. Plasticheskie massy. 2013;2:54—62. (In Russ.). 

14. Chepurnenko A. Determining the Rheological Parameters of Polymers Using Artificial Neural Networks. 
Polymers. 2022;14(19):3977. https://doi.org/10.3390/polym14193977 

15. Yu Xuan Rui. Developing an Artificial Neural Network Model to Predict the Durability of the RC Beam by 
Machine Learning Approaches. Case Studies in Construction — Materials. 2022;17:e01382. 
http://doi.org/10.1016/j.cscm.2022.c01382 

16. Nagababu Andraju, Greg W Curtzwiler, Yun Ji, Kozliak Evguenii, Prakash Ranganathan. Machine-Learning- 
Based Predictions of Polymer and Postconsumer Recycled Polymer Properties. A Comprehensive Review. ACS Applied 
Materials & Interfaces. 2022;14(38):42771-42790. http://doi.org/10.1021/acsami.2c08301 


Kondratieva TN, et al. Prediction of Rheological Parameters of Polymers by Machine Learning Methods 


17. Chepurnenko AS, Kondratieva TN, Deberdeev TR, Akopyan VF, Avakov AA, Chepurnenko VS. Prediction of 
Rheological Parameters of Polymers Using CatBoost Gradient Boosting Algorithm. A// Materials: Encyclopedic 
Reference Book. 2023;(6):21—29. (In Russ.). 

18. Kondratieva T, Prianishnikova L, Razveeva I. Machine Learning for Algorithmic Trading. E3S Web of 
Conferences. 2020;224:01019. https://doi.org/10.105 1/e3sconf/202022401019 

19. Stelmakh SA, Shcherban EM, Beskopylny AN, Mailyan LR, Meskhi B, Razveeva I, et al. Prediction of 
Mechanical Properties of Highly Functional Lightweight Fiber-Reinforced Concrete Based on Deep Neural Network and 
Ensemble Regression Trees Methods. Materials. 2022;15(19):6740. https://doi.org/10.3390/mal5196740 

20. Beskopylny AN, Stelmakh SA, Shcherban EM, Mailyan LR, Meskhi B, Razveeva I, et al. Concrete Strength 
Prediction Using Machine Learning Methods CatBoost, k-Nearest Neighbors, Support Vector Regression. Applied 
Sciences. 2022;12(21):10864. https://doi.org/10.3390/app122110864 


About the Authors: 
Anton S. Chepurnenko, Dr.Sci. (Eng.), Associate Professor, professor of the Strength of Materials Department, Don 


State Technical University (1, Gagarin sq., Rostov-on-Don, 344003, RF), SPIN-code: 7149-7981, ORCID, ResearcherID, 


ScopusID, anton_chepurnenk@mail.ru 


Tatiana N. Kondratieva, Cand.Sci. (Eng.), Associate Professor of the Mathematics and Informatics Department, 
Don State Technical University (1, Gagarin sq., Rostov-on-Don, 344003, RF), SPIN-code: 7794-2841, ORCID, 
ktn618@yandex.ru 


Claimed contributorship: 

AS Chepurnenko: academic advising, analysis of the research results, the text revision, correction of the conclusions. 

TN Kondratieva: basic concept formulation, research objectives and tasks, calculations, preparation of the text, 
formulation of the conclusions. 


Conflict of interest statement: the authors do not have any conflict of interest. 
All authors have read and approved the final version of the manuscript. 


Received 28.12.2023 
Revised 24.01.2024 
Accepted 01.02.2024 


O6 aemopax: 
Auton Cepreesuu Uenypnenko, JOKTOp TeXHWYeCKHX HayK, JOMCHT, Mpodeccop Kadespbl conpoTuBseHHe 
MatepvHanoB J[oHcKoro rocyflapcTBeHHoro TexHuYecKoro yHMBepcuTeta (344003, P®, r. Pocros-Ha-Jlony, 


tim. Darapuna, 1), SPIN-kog: 7149-7981, ResearcherID, ScopusID, ORCID, anton_chepurnenk@mail.ru 


Tatpana Hukonaesna Konypatpesa, KkaHyuflat TeXHHYeCKHX HayK, OWUeCHT Katbeypbl MaTemMaTHKU 
wu wudopmatuku JloHcKoro rocyfapcTBeHHoro TexHuyeckoro yHuBepcuteta (344003, P@, r. Pocros-Ha-Jlony, 
m1. Carapuua, 1), SPIN-Koq: 7794-2841, ORCID, ktn618@yandex.ru 


3aAeNeHHbIU BKIAO aemopoe: 
A.C. UentypHenko — Hay4Hoe pyKOBOJCTRO, aHasIu3 pe3yJIbTATOB HCCeqOBaHHi, JopadoTKa TeKcTa, KOppekKTHpoBKa 


BBIBOJIOB. 
T.H. Kouypatbesa = cbopMupoBaHHe OCHOBHOIi KOHICIWHH, Wes UW 3aadv UCCIICTOBAHHA, WpOBeeHve pacueTos, 
TOQTOTOBKa TeKCTa, cbopMupoBaHne BbIBOJLOB. 


Kondsukm unmepecoe: aBTopsl 3aaBAIOT OO OTCYTCTBHM KOH(INKTa HHTepecos. 
Bce aemopoi npowumaau u odobpusu OKOHYaMeNbHoIU Bapuanm pyKonucu. 
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